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Abstract 
Despite a growing literature on the helpfulness of 
individual reviews, scant attention has been paid to 
the helpfulness of a set of reviews. Moreover, it is 
generally assumed that the helpfulness of a review 
set can be derived from averaging the individual 
reviews’ helpfulness evaluations. Drawing on 
bounded rationality theories, we hypothesize that 
this assumption may not always be valid, and that 
consumers’ helpfulness perception of a review set is 
also determined by inter-review consistency. A 
carefully designed experiment revealed that the 
whole differs from the sum of its parts when the 
reviews are consistent with each other or are 
contradicting each other, but does not differ when 
the reviews contain mixed, non-contradicting 
opinions. These findings deepen our understanding 
of inconsistency in online reviews and have a 
potential to change how reviews should be 
presented to the consumers. 
 
1. Introduction and Motivation 
Despite the increasing popularity and importance 
of online reviews for consumer decision making, the 
sheer amount of available reviews requires consumers 
to be selective and pay attention to only the most 
helpful ones [1]. To meet this challenge, almost all 
review platforms allow review readers to vote on the 
helpfulness of an individual review, display the 
helpfulness score, and bring the most helpful reviews 
to the forefront. A growing literature has examined 
diverse factors that influence consumers’ helpfulness 
perception of an individual review, including rating, 
reviewer characteristics, and review content [e.g., 2, 3, 
4]. 
However, a single review is rarely sufficient for 
consumers to make a purchase decision, and they 
routinely read multiple reviews in a short period of 
time. Despite its relevance, we are not aware of any 
study that systematically investigates the antecedents 
of consumers’ evaluation of the helpfulness of a set of 
reviews (which we call a review set). An implicit 
assumption in both academic research and practice is 
that the perceived helpfulness of a review set could be 
easily derived from averaging the helpfulness of 
individual reviews. For example, Amazon 
prominently displays three to six most helpful reviews 
of a product based solely on the helpfulness score of 
individual reviews, with the assumption that the whole 
is equal to the sum of its parts. However, the whole 
may have an independent existence from its parts [5]. 
In the case of reviews, when consumers form an 
overall helpfulness assessment of a review set, their 
assessment may also be influenced by the relationships 
among the individual reviews. If this is indeed the 
case, the current emphasis of nearly all review 
platforms on identifying and promoting the reviews 
that are individually very helpful may be misguided 
and ineffective in actually helping consumers with 
their purchase decisions. 
Moreover, the role of inconsistent opinions in 
shaping helpfulness evaluations has only been studied 
in light of a single review. Yet, inconsistency is a much 
richer concept when examined at the level of a review 
set. Prior research has shown that, within a single 
review, the presence of mixed opinions or two-sided 
arguments generally enhances review credibility and 
helpfulness [6, 7]. However, it is unclear whether 
consumers prefer opposing opinions among multiple 
reviews. For instance, inconsistency among different 
reviews could manifest as a direct contradiction about 
the same attribute of a product, which rarely occurs 
within a single review. Despite the prevalence of direct 
contradiction among real-world reviews, to our 
knowledge, no research has looked into its 
implications. As a result, little guidance exists in terms 
of how review platforms and product manufacturers 
should deal with a set of prominently displayed 
reviews that are often mixed in their opinions or even 
contradictory. 
In this study, we explore how and why 
inconsistency among reviews in a review set influences 
consumers’ helpfulness perception of the review set. 
Drawing on bounded rationality theories, we 
hypothesize that greater inconsistency among a set of 
reviews reduces consumers’ helpfulness perception of 
the review set, and that this negative effect can be 
explained through decreased credibility, increased 
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confusion, and a lower sense of information being 
complete. We conducted a controlled experiment in 
which we manipulated inconsistency of a review set at 
three levels: no inconsistency, inconsistency across 
product attributes, and inconsistency regarding the 
same attribute (i.e., direct contradiction). The results 
provided support for our predictions. Interestingly, we 
found that overall helpfulness evaluation of a review 
set is higher than the average of individual review 
helpfulness when the reviews are consistent, lower 
than the average when the reviews are contradicting 
each other, and not significantly different from the 
average when the reviews include inconsistent but 
non-contradicting opinions. These findings challenge 
the implicit assumption of the whole being equal to the 
sum of its parts, deepen our understanding of the role 
and impact of inconsistency in online reviews, and 
offer important implications for review platforms, 
product manufacturers, and reviewers. 
The remainder of this paper is structured as 
follows. The next section presents the development of 
our research model and hypotheses. The design of our 
laboratory experiment and the results are presented in 
the subsequent two sections. We conclude the paper 
with a discussion of our findings, their practical and 
theoretical implications, and the study’s limitations 
and future research directions. 
2. Model Development and Hypotheses 
Theories that examine the role of information 
content and context on how messages are perceived 
have been valuable in explaining and predicting 
consumer behavior. Specifically, theories that assume 
a bounded nature to rationality, like the prospect 
theory, have been effective in the field of persuasive 
messaging and subsequent behaviors [8, 9].  
Prospect theory [10] is an extension of the theory 
of bounded rationality. It states that people have 
systematically different preferences depending on how 
their options are framed in terms of gains and losses. 
Specifically, people use cognitive shortcuts (i.e., 
heuristics) to make decisions and interpret outcomes 
in terms of gains and losses relative to a reference 
point, and they give more weight to losses than to 
equivalent potential gains. Further, according to this 
theory, since prospects are coded as gains or losses 
from a zero-point, people tend to be more risk averse 
when faced with potential gains and more risk seeking 
when faced with potential losses.  
Prospect theory identifies two distinct phases of a 
person’s choice process: framing and valuation [11]. 
In the framing phase, the individual creates scenarios 
which include various possibilities, actions, and 
outcomes that are relevant to the decision. Then, in the 
valuation phase, the person assesses the value of each 
of these scenarios and chooses accordingly. However, 
these choices are limited by the bounded nature of 
rationality and heuristics ingrained in people.  
We use prospect theory to inform our review set 
assessment model which predicts the helpfulness of a 
review set in making purchase decisions. We contend 
that since consumers have limited time and possess 
limited information about the product that they want 
to purchase, they often prefer to apply heuristics to 
determine the viability of their purchase option. We 
argue that the review sets that reduce cognitive load 
and allow the use of heuristics will be perceived to be 
most helpful. In contrast, review sets that confuse 
potential buyers with conflicting information (and 
preclude the use of heuristics) will be perceived to be 
least helpful. 
When faced with consistent information across a 
set of reviews, consumers are less likely to experience 
cognitive dissonance while trying to reach a satisficing 
outcome, reducing the potential for confusion. We 
define consumers’ confusion as their failure in 
developing a correct interpretation of various aspects 
of a product during information processing [12]. 
Consistent opinions across reviews leave very little 
room for consumers to get confused. Additionally, 
higher information consistency in a review set allows 
potential consumers to utilize cognitive shortcuts, such 
as inferring overall quality of the product based simply 
on the consensus. In contrast, reviews with 
inconsistent opinions do not allow for the use of 
heuristics to make an easy assessment of the product. 
This increases the likelihood of confusion in the mind 
of the decision maker regarding the value of the review 
set. Prior studies also found evidence for this inverse 
relationship between consistency and confusion [13, 
14]. Therefore, we hypothesize that the inconsistency 
of information provided in a review set is positively 
related to perceived confusion (H1).  
Based on prospect theory, we further argue that 
inconsistency in the review set also influences its 
credibility. When the information provided is 
consistent across reviews, it is easier for consumers to 
use heuristics to evaluate these reviews [6]. However, 
using heuristics makes it less likely that consumers 
would employ critical processing to evaluate the 
merits of the arguments presented, and thus are more 
likely to accept the information as credible without 
questioning it. In contrast, a greater level of 
inconsistency among reviews may prompt consumers 
to doubt the credibility of the review set. 
Consequently, we hypothesize that the inconsistency 
of information provided in a review set is negatively 
related to perceived information credibility (H2).  
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A deeper exploration of review inconsistency and 
its influence on consumers, however, suggests a more 
layered relationship. The confusion elicited by review 
inconsistencies is not an end state by itself; rather, it 
triggers the consumer to assess the usefulness of the 
review set in making the right purchase decision. 
Based on prospect theory, when consumers are 
confused regarding the value of the product, they 
become more risk averse because of the greater 
uncertainty and risk closely associated with confusion 
[15]. This reduces their confidence in purchasing the 
product, thus lowering their perceived helpfulness of 
the review set. In contrast, when the potential 
consumers are faced with consistent reviews, it elicits 
clarity in their mind about the value of the product. 
Any information that reduces cognitive load and 
facilitates the use of decision heuristics is deemed to 
be helpful to the decision maker. Therefore, we 
hypothesize that perceived confusion is negatively 
related to perceived review set helpfulness (H3). 
Similarly, we argue that the evaluation of the 
review set’s credibility is not the final cognitive 
outcome. Instead, it prompts the consumer to evaluate 
the utility of the review set in making the right 
purchase decision. Credible information reduces 
cognitive load and enables the consumer to apply 
heuristics to make the purchasing decision. As stated 
earlier, any information that permits the use of 
heuristics is deemed to be helpful to the decision 
maker. Therefore, we hypothesize that perceived 
information credibility is positively related to review 
set helpfulness (H4). 
In addition to having a direct influence, we argue 
that confusion also exerts an indirect influence on 
perceived review set helpfulness. According to 
prospect theory, buyers have asymmetric responses 
towards better- and worse-than-expected purchase 
decisions and this response is influenced by the 
valence of the message: people prefer avoiding a 
regrettable decision to missing a comparable 
opportunity [16]. When consumers are confused, they 
experience a cognitive dissonance as they attempt to 
identify a reference point to guide their decisions (e.g. 
product aspects that matter the most). Without enough 
evidence regarding which option (buying or not 
buying) would be a regrettable decision, consumers 
are more likely to find the available information 
incomplete. When reviews are perceived more 
complete, they are more likely to lead to a satisficing 
decision, thereby increasing the perceived helpfulness 
of the review set. Accordingly, we hypothesize that 
perceived confusion is negatively related to perceived 
information completeness (H5) and perceived 
information completeness is positively related to 
review set helpfulness (H6). 
As discussed earlier, heuristics enable faster 
decision making with a reasonable certainty of a 
desired outcome. However, people can only utilize 
heuristics if the information presented is considered 
credible and complete by the receiver. That is, if the 
buyers perceive the information in a review set to be 
sufficiently credible, they will likely utilize heuristics 
and thus find the set more helpful. However, if 
consumers question the credibility of the information, 
they tend to seek additional evidence in order to 
replace less credible information with more credible 
information. Accordingly, we hypothesize that 
perceived information credibility is positively related 
to perceived information completeness (H7). 
The complete model and hypotheses pathways are 
depicted in Figure 1. 
 
 
Figure 1. Review Set Assessment Model 
3. Method 
3.1. Sample 
Participants (n = 167, 82 female) were recruited 
from an upper-level management class at a large, 
public university in the southern United States. 
Participants’ age ranged from 19 to 54 (M = 20.8, SD 
= 2.73). 
3.2. Stimulus 
All participants were asked to evaluate a digital 
camera available for purchase on Amazon.com, which 
we referred to as “Model X.” As a basis for evaluating 
the camera, participants were then shown a set of four 
product reviews that were ostensibly the most recently 
posted. Each review set consisted of four individual 
reviews that are adapted from prior research [e.g., 17] 
and based on real reviews posted on Amazon.com (see 
Table 1).  
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Table 1. Content of Individual Reviews 
 Positive Reviews (+) Negative Reviews (–) 
1A 
The autofocus 
function is very good. 
It is very fast and 
accurate, even in low 
light situations. I 
have been able to 
shoot decent pictures 
of my children even 
in low light using the 
autofocus function. 
This kind of pictures 
usually do not come 
out well with other 
cameras – but with 
this one it does. 
The autofocus 
function is very bad. 
It is very slow and 
inaccurate, especially 
in low light situations. 
I have been unable 
to shoot decent 
pictures of my 
children in low light 
using the autofocus 
function. This kind of 
picture usually 
comes out well with 
other cameras – but 
with this one it does 
not. 
2A 
The auto focus of 
this camera is very 
useful, and I am 
impressed. It never 
struggles to find the 
focus in darker 
places. Because it’s 
so quick, the picture 
is rarely out of focus. 
Just yesterday, I had 
to take several 
pictures of my friends 
at night and those 
pictures came out 
very sharp and clear. 
The auto focus of this 
camera is almost 
useless, and I am 
unimpressed. It often 
struggles to find the 
focus in darker 
places. Because, it’s 
so slow, the picture is 
often out of focus. 
Just yesterday, I had 
to take several 
pictures of my friends 
at night, and those 
pictures came out 
completely blurry and 
unclear. 
1B 
This camera is very 
user-friendly. After 
just a few days of 
use, I find it really 
straightforward and 
intuitive. For 
example, it only took 
me a few seconds to 
figure out how to turn 
off the flash. It’s very 
easy to figure out the 
various 
settings/functions 
even without the 
instruction manual. 
This camera is not 
user-friendly at all. I 
have been using it 
for a few days and I 
still find it really 
complicated and 
unintuitive. For 
example, it took me 
over an hour to figure 
out how to turn off 
the flash. It’s 
impossible to figure 
out any of the 
settings/functions 
without the 
instruction manual. 
2B 
I find the camera 
quite easy to 
operate. Finding the 
right buttons to 
perform various 
functions is no 
problem, even 
without referring to 
I find the camera 
quite difficult to 
operate. Finding the 
right buttons to 
perform various 
functions is a big 
problem, even after 
referring to the 
the manual. All 
buttons and controls 
are well designed. 
Switching between 
different settings 
(e.g., portrait mode, 
landscape mode) is 
also super quick and 
easy. 
manual. All buttons 
and controls are 
poorly designed. 
Switching between 
different settings 
(e.g., portrait mode, 
landscape mode) is 
also super slow and 
hard. 
Note. “1” and “2” = different reviews about the same 
feature; “A” = reviews about autofocus feature; “B” 
reviews about user-friendliness features. 
 
Each of the individual reviews focused on one of 
two features of digital cameras –– that is, the autofocus 
function (Feature A) or its user-friendliness (Feature 
B). Two positive reviews were first written for each 
feature (1A+, 2A+, 1B+, 2B+). Reviews 1A+ and 2A+ 
were worded very differently to give the impression 
they were written by different reviewers. The same 
applies to Reviews 1B+ and 2B+. Then, negative 
versions of each review were written (1A–, 2A–, 1B–
, 2B–). Substantive content was made to be as similar 
as possible between the positive and negative versions 
of individual reviews in order to remove possible 
confounds.  
Using these eight reviews, we created four 
experimental conditions that vary in the level of 
inconsistency. In the first two conditions, there was no 
inconsistency in the review sets. The reviews were 
either all positive (1A+, 2A+, 1B+, 2B+) or all 
negative (1A–, 2A–, 1B–, 2B–). In the review set with 
low inconsistency, two reviews were negative and two 
were positive, and the camera feature on which the 
negative reviews focused differed from the focal 
feature of the positive reviews (i.e., 1A–, 2A–, 1B+, 
2B+, or 1A+, 2A+, 1B–, 2B–). In the high 
inconsistency condition, two reviews were negative 
and two were positive, and the camera feature on 
which all four reviews focused was the same –– that 
is, the reviews directly contradicted each other (i.e., 
1A+, 2A–, 1B+, 2B–, or 1A–, 2A+, 1B–, 2B+).  
3.3. Procedure 
Participants were randomly assigned to read and 
evaluate one of the four aforementioned review sets. 
In the low inconsistency condition, a half of the 
participants were randomly assigned to view negative 
reviews on the autofocus feature and positive reviews 
on the user-friendliness (1A–, 2A–, 1B+, 2B+), while 
the other half viewed positive reviews on the 
autofocus feature and negative reviews on the user-
friendliness (1A+, 2A+, 1B–, 2B–). This 
counterbalancing allowed us to account for 
preferences our population may have had for one 
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feature over another. A similar counterbalancing 
procedure was used for participants in the high 
inconsistency condition. After reading the review set, 
participants evaluated the set in terms of helpfulness 
[3], completeness of information [18], credibility of 
information [6], and breadth of information [19]. They 
also reported how confused they felt by the reviews 
[20]. Finally, each individual review in the review set 
was evaluated in terms of its helpfulness [3]. All 
measures exhibited high internal consistency 
(Cronbach’s alphas > .84). 
4. Results 
Before examining the internal validity of our 
experiment and testing our hypotheses, we collapsed 
the ‘no inconsistency’ conditions into a single group. 
This was done because the valence of the reviews was 
not of our interest in the present study. To ensure this 
aggregation was appropriate, we used a series of t-tests 
to assess whether the two groups differed significantly 
across any of our dependent variables. No significant 
differences were observed. Thus, from this point 
forward, we will refer to three experimental 
conditions, rather than four. 
The internal validity of the experiment was 
evaluated with two analyses. First, we conducted a 
manipulation check using perceived consistency as the 
dependent variable [6]. Participants in the low 
inconsistency condition reported the highest 
consistency (M = 5.80, SD = 1.02), followed by the 
moderate inconsistency condition (M = 4.07, SD = 
1.25), and high inconsistency condition (M = 2.93, SD 
= 1.80). A one-way ANOVA showed these means 
were significantly different, F(2,164) = 72.22, p < 
.001. These results support that our manipulation 
worked as intended. 
Second, we examined the possibility of an 
alternative explanation of the observed effects––
namely, information breadth: Because the high 
inconsistency condition had two reviews that directly 
contradicted the two other reviews, readers may 
perceive this review set to have limited information 
breadth. Since reviews with more information breadth 
are seen as more helpful, perceptions of limited 
breadth could explain changes in helpfulness [21], 
rather than the inconsistency itself. A test of this 
alternative explanation using participants’ ratings of 
information breadth showed non-significant 
differences across conditions, F(2, 164) = .41, p = .66.  
Our hypotheses concerning the effects of review 
set inconsistency were first tested using one-way 
ANOVAs, all of which were statistically significant 
(see Table 2). First, as predicted, perceived 
helpfulness of the review set was lowest when 
inconsistency was high (M = 4.62, SD = 1.79) and 
highest when inconsistency was absent (M = 5.96, SD 
= 1.02). Second, the pattern of mediating effects also 
trended in the predicted directions. Perceived 
confusion, for example, was highest (M = 4.37, SD = 
1.79) when inconsistency was high, and lowest (M = 
2.69, SD = 1.39) when inconsistency was absent. In 
contrast, when inconsistency was absent, perceived 
credibility (M = 5.48, SD = .98) and perceived 
information completeness (M = 5.26, SD = 1.16) were 
at their highest, and when inconsistency was high, 
perceived credibility (M = 4.65, SD = 1.33) and 
perceived information completeness (M = 4.21, SD = 
1.50) were at their lowest. 
Table 2. ANOVAs and Descriptive Statistics 
of Dependent Variables across Experimental 
Conditions 
Inconsistency Credibility  Confusion  Completeness  Helpfulness 
M (SD)  M (SD)  M (SD)  M (SD) 
None 
(n = 84) 
 5.48 
(0.98) a 
 2.69 
(1.39) a 
 5.26  
(1.16) a 
 5.96 
(1.02) a 
Low 
(n = 42) 
 5.09 
(0.89) a 
 3.37 
(1.31) b 
 4.80  
(1.01) b 
 5.55 
(0.87) a 
High 
(n = 41) 
 4.65 
(1.33) b 
 4.37 
(1.79) c 
 4.21  
(1.50) c 
 4.62 
(1.79) b 
F-ratio  8.73**  17.92**  10.28**  16.65** 
R2  .10  .18  .11  .17 
Note. Means with different superscripts are 
significantly (p < .05) different from each other. 
* = p < .05. ** = p < .01. 
 
Our full mediated model was tested using 
structural equation modeling in Mplus version 6.12 
[22]. Because all the data were collected from a single 
source, we conducted the Harman single-factor test, 
where all items were set to load on one latent variable 
[23]. This model fit poorly, 𝜒2(104) = 877.26, p < .05, 
RMSEA = .21, CFI = .66, TLI = .61, SRMR = .11, 
indicating that common source bias is not likely to be 
problematic.  
The hypothesized model fit the observed data 
fairly well: 𝜒2(97) = 219.77, p < .05, RMSEA = .09, 
CFI = .95, TLI = .93, SRMR = .05. Model parameter 
estimates are shown in Figure 2. All path estimates 
were statistically significant, providing support for our 
hypotheses. The statistical significance of the indirect 
effects was estimated using bootstrapped standard 
errors [24]. As shown in Table 3, review set 
inconsistency had a significant negative effect on 
review helpfulness through reducing perceived 
information credibility (β = -.18, p < .01) and 
increasing confusion (β = -.14, p < .05). The effect of 
review set inconsistency was fully mediated by 
perceived information credibility, confusion, and 
information completeness.  That is, after accounting 
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for these mediating variables, the effect of review set 
inconsistency on review set helpfulness was not 
statistically significant (p = .13).  
 
Figure 2. SEM Analysis Results 
Note. All parameter estimates shown are standardized 
and statistically significant at the p < .01 level. 
Perceived Confusion and Perceived Information 
Credibility were allowed to covary, but this is not shown 
here. For clarity, individual item indicators and their 
factor loadings are also omitted. 
 
Table 3. Tests of Indirect Effects 
Path Indirect Effect 95% CI 
Inconsistency → Credibility → 
Completeness → Helpfulness -.11
* [-.20, -.02] 
Inconsistency → Credibility → 
Helpfulness -.18
** [-.31, -.05] 
Inconsistency → Confusion → 
Completeness → Helpfulness -.14
* [-.24, -.03] 
Inconsistency → Confusion → 
Helpfulness -.14
* [-.25, -.02] 
Note. * = p < .05. ** = p < .01.  
 
We also tested the assumption that the helpfulness 
of a review set is equal to the average helpfulness of 
the individual reviews that make up the set. A 2 × 3 
linear mixed effects model was conducted where the 
within-subjects factor was perceptions of review 
helpfulness (review set helpfulness and the average of 
individual review helpfulness), and the between-
subjects factor was the three conditions described 
previously. As shown in Figure 3, review set 
helpfulness was significantly higher than the average 
of individual review helpfulness in the no 
inconsistency condition (MDifference = .35, SE = .12, p = 
.005) but significantly lower in the high inconsistency 
condition (MDifference = -.58, SE = .17, p = .001). 
However, in the low inconsistency condition, no 
significant difference was observed (MDifference = .14, 
SE = .17, p = .41). 
 
Figure 3. Review Set Helpfulness Compared 
to Average of Individual Review Helpfulness 
Note. Standard error bars are shown. 
5. Discussion 
In this study, we explored how and why different 
levels of inconsistency among a set of reviews 
influence consumers’ helpfulness perception of the 
review set. Our carefully designed experiment 
provides compelling evidence that greater 
inconsistency reduces perceived helpfulness of the 
review set, and that this overall effect is fully mediated 
by decreased perceived information credibility and 
perceived information completeness, as well as 
increased perceived confusion. Moreover, we find 
evidence that “the whole is not equal to the sum of its 
parts” when the information provided in the individual 
reviews is consistent or contradicting. 
5.1. Theoretical Implications 
This study has a number of theoretical 
contributions. First, our research challenges the 
implicit assumption of the whole being equal to the 
sum of its parts in the online reviews context. Both 
researchers and practitioners have placed 
disproportionate attention to studying and capturing 
the helpfulness of an individual review. In reality, 
however, consumers rarely read a single review. They 
typically consult multiple reviews before making their 
purchase decisions. If the helpfulness of a set of 
reviews cannot be derived from averaging the 
helpfulness of individual reviews, then a huge gap 
exists regarding our understanding of how consumers 
form helpfulness judgment of a review set. Our study 
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fills this gap by revealing conditions under which this 
implicit assumption holds and conditions under which 
it does not hold. Our findings further illustrate the 
importance of exploring the whole beyond effects of 
its individual parts in online reviews, and they also 
open up exciting opportunities for future research to 
explore how consumers integrate multiple and 
oftentimes conflicting pieces of information in 
decision-making. 
Second, this study deepens our understanding of 
inconsistency and emphasizes the importance of 
differentiating diverse types of inconsistency in user-
generated content. Inconsistency within a single 
review is typically manifested as mixed opinions or 
two-sided arguments, and prior studies found a 
boosting effect of two-sidedness on review 
helpfulness [6, 7]. In contrast, we find a dampening 
effect of inconsistency among reviews at the level of a 
review set, suggesting the different roles of 
inconsistency within vs. across reviews. Moreover, 
inconsistency in a review rarely involves direct 
contradiction, but inconsistency among different 
reviews can manifest as mixed opinions as well as 
direct contradiction regarding the same attribute of a 
product. The finding of a contradicting review set 
being the least helpful shows that different types of 
inconsistency should not be treated equally. 
Finally, our study also demonstrates the critical 
role of confusion as another important determinant of 
consumers’ helpfulness perception at the review set 
level. Prior research studying antecedents of the 
helpfulness evaluation of individual reviews has 
revealed the impact of information amount and 
credibility [e.g., 1, 25], and our findings suggest that 
they continue to influence perceived helpfulness of a 
review set. At the same time, consumers may also get 
confused when they are faced with a set of reviews that 
are inconsistent or contradictory, and this confusion 
can directly and indirectly reduce their helpfulness 
evaluation of the review set. As a widely experienced 
but under-studied emotion in online reviews, 
confusion of consumers may play an indispensable 
role when they integrate and make sense of different 
pieces of information from diverse sources. Our study 
represents one of the initial attempts to understand this 
critical emotion in consumer decision making. 
5.2. Practical Implications 
Our findings also offer useful implications for 
review platforms and product manufacturers. For 
instance, product manufacturers can use our 
framework to anticipate the likelihood of prospective 
consumers to perceive the set of prominently 
displayed reviews as complete and helpful. If they 
expect the review set to lead to higher confusion and 
lower information credibility, they can prioritize their 
efforts to address the concerns raised by the reviewers, 
for example through their responses to reviews or to 
questions from prospective consumers. Furthermore, 
manufacturers can carefully select which consumer 
reviews, or parts of consumer reviews, they will 
display on their product page so that they can avoid 
direct contradictions while retaining the richness of the 
review assessments. 
Review platforms could increase the helpfulness 
of the overall review set for consumers by trying to 
contain the perceived confusion that consumers may 
experience. This could, for example, be done by 
automatically extracting parts of individual reviews 
that address the same product aspect and creating a 
summary assessment. This may enable consumers to 
easily see the review crowd’s assessment (e.g., of a 
camera’s autofocus functionality) without having to 
reconcile contradictory reviews. 
5.3. Limitations and Future Research 
There are several limitations that have to be 
considered when interpreting the findings of this 
study. Each of these also offers exciting opportunities 
for future research.  
First, our study focused on a specific product, a 
digital camera. Subjects may have different levels of 
experience with different types of products or services. 
Most subjects will be familiar with the essential 
functionalities of a digital camera due to the 
proliferation of smart phone cameras. Thus, further 
studies are needed to demonstrate that our findings 
hold across different products and services that 
subjects have different levels of familiarity with.  
Second, we designed a collection of stylized 
reviews for our experiment. The purpose of our review 
design was to be able to control for confounds due to 
the product aspects being discussed and the linguistic 
manner in which the reviews were written. The 
resulting reviews only differed in terms of valence, but 
not in terms of absolute content or tone. Real reviews 
on commercial platforms typically are not similarly 
comparable. They demonstrate a wide variety in terms 
of length, breadth, content richness, tone, and 
language use. Future research should replicate our 
experiment using a collection of carefully selected 
realistic reviews that are modified to change their 
valence, but not their breadth, depth, and focus. 
Third, our subjects were only presented with a 
collection of four reviews. On typical consumer 
platforms, users can see more than four reviews and 
have control over which reviews they want to read in 
more detail. Future efforts should increase the size of 
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the review set. This would also allow researchers to 
study more nuanced combinations of consistent and 
contradictory reviews. For example, it would be useful 
to determine the effect of a single contradictory review 
that results in a high contradiction situation, i.e. the 
review gives an opposing opinion about a specific 
product attribute. At what point does a single high 
contradictory review no longer raise a consumer’s 
perception of confusion and lower their perception of 
information credibility? Future efforts should also 
allow users to have control over the number of reviews 
that they want to open or expand and read. Tracking 
their behavior will provide insight into their actual 
sense of information completeness before coming to a 
decision.  
Fourth, our subjects were not necessarily 
interested in buying a digital camera at the time of the 
experiment. Thus, they may not have been as 
motivated to cognitively process the various reviews 
as real consumers that are actively searching for a 
camera to buy. Therefore, future research should 
solicit samples of users that are genuinely interested in 
the product for which reviews are presented. This 
could, for example, be done through crowdsourcing 
services such as Amazon’s Mechanical Turk or 
Qualtrics Panels. 
Fifth, our study primarily focused on the effects 
of different compositions of a review set on review set 
helpfulness. Future efforts should study other critical 
downstream consequences such as consumers’ 
intention to seek more reviews and decisions to 
purchase a product or service, and further explore how 
they could be shaped by different levels of 
inconsistency among a set of reviews. 
Sixth, another interesting avenue for future 
studies is to explore whether our findings hold across 
cultures. This will be especially interesting from the 
perspective of the comfort level in different cultures to 
deal with inconsistent information. 
Finally, it will be worthwhile to explore the extent 
to which the phenomena we observed can also be 
found in other contexts where decision makers rely on 
a collection of individual (and oftentimes conflicting) 
opinions and recommendations, such as group 
decision-making, editors and program officers 
working with review panels for academic publications 
and funding proposals, and media panels that offer 
commentary to inform the public. 
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